Abstract-Strokes are the second cause of death and the third cause of disability in the world. Currently, there is not an actual cure for stroke victims, but physiotherapy can be used to restore as much mobility as possible until a plateau is reached again. However, performing these exercises implies that both patient and therapist are together in the same place, so that the latter can guide the former through a correct execution of physical exercises. This raises additional difficulties when it comes to continuously monitoring the recovery of stroke patients, due to the economic costs involved and the requirements of both geographical and temporal availability. These issues can be addressed by leveraging technology, specifically computer visionbased assistive systems and remote rehabilitation tools, so as to the affected person can check whether the exercises are being performed correctly. This paper is focused on the automatic classification of exercises, within the context of a gamificationbased remote rehabilitation tool used to automatically assess the performance of stroke patients when making physical rehabilitation. To this end, we use the DTW algorithm for analyzing and comparing open-ended motion curves, so that the exercises do not have to be fully performed until existing candidates can be matched. This increases the system flexibility and offers an interaction mechanism much more simple, which is usually a needed requirement by stroke patients.
I. INTRODUCTION
According to the World Health Organization, strokes represent the world's second leading cause of death and the third of disability, respectively [1] . As an example, and only in the European continent, 165 million people are living with a brain disorder. In fact, it is estimated that one in three people suffer or will suffer from some type of neurological or psychiatric disorder [2] . Although there is no cure for this type of illness, physical rehabilitation is essential to improve the quality of life of those affected, as they have to deal with serious limitations when it comes to carry out activities of daily living, in which physical, cognitive, or social skills are involved. Unfortunately, the treatment of this type of disease has associated a high cost in terms of economic resources, since therapists are typically required to onsite monitor and supervise the performance of physical exercises carried out by the patients. For example, the overall cost to the European health system involves 800 billion euros per year, which represents a situation that is a burden on any health system. In addition, this problem is accentuated in low-and middle-income countries, where resource constraints are more pronounced. This is why in recent years a relevant number of research works that focus on increasing the autonomy of the patient when performing therapies of rehabilitation [3] [4] has appeared, ensuring at all times adequate supervision by therapists. A typical scenario is one in which both the patient and the therapist make use of telemedicine tools, promoting the patient's recovery at home, reducing the costs of the rehabilitation process and offering a flexible solution which democratizes the access to physical rehabilitation.
From the patient's point of view, it is therefore essential to face the challenge of automatic human activity recognition. At research level, a possible solution involves the use of artificial systems based on computer vision [5] to obtain information about the physical movements that make up the rehabilitation routine. These systems use techniques such as skeleton tracking to obtain the position and rotation of the patient's bones at each instant of time, in order to assess whether the patient performs the rehabilitation exercises correctly. This evaluation can be undertaken through a comparison of the exercise performed by the patient and the same exercise performed by the therapist. This problem, which can be understood as a comparison of time series, can be dealt with by applying algorithms such as dynamic time warping (DTW) [6] or techniques such as automatic learning based on classifiers [7] .
In addition to carrying out this automatic evaluation of exercises, artificial systems created to automate the process of physical rehabilitation of patients address the issue of motivation [8] . In fact, the ability to arouse interest in patients when using the artificial system is almost or more important than the effectiveness with which it evaluates and recognizes physical movements. In this sense, the use of gamification techniques, based on applying game dynamics in educational or professional environments to improve the results of using the tool, or serious games, which consists of creating games designed to achieve a goal other than purely playful, is becoming increasingly important in the context of remote rehabilitation tools [9] .
The research work discussed in this article falls within the scope of a telemedicine tool designed for the remote rehabilitation of stroke patients. In particular, we will focus our work on the automatic classification of physical exercises using the open-end variant of the DTW algorithm [10] . The general objective is to increase the flexibility and accessibility of the system and enable patients to perform rehabilitation exercises without the need to indicate which specific exercise they will perform next. This is especially important for patients whose cognitive and functional abilities are so impaired that it is difficult to interact with the rehabilitation system itself. In these cases, the aim is to provide the system with an implicit interaction mechanism, so that it is capable of detecting when the patient starts and finishes an exercise, classifying it and automatically evaluating it to monitor the patient's evolution with respect to the assigned physical exercise routine.
The rest of the paper is structured as follows. Section II performs a review of the main research topics relevant to this work. Section III discusses the main features that the remote rehabilitation tool supports, i.e. the exercise performance assessment and the part on motivation. Section IV details how the classification of exercises is made. Finally, Section V summarizes the main contributions of this work and introduces possible lines of future work.
II. RELATED WORK
Patients who have stabilized after the first few days of a stroke should undergo rehabilitation exercises with a therapist so that they can regain most of their motor functions. In this context, rehabilitation exercises can be identified and classified automatically without the patients having to indicate the exercise they want to perform.
There are different algorithms that allow this classification. A variant of the DTW algorithm is presented in [11] to compare incomplete time series. The proposal, called openend DTW (OE-DTW), was successfully validated in this work through the classification of exercises used in the rehabilitation of stroke patients, depending on whether they were performed correctly or incorrectly. Also, in [12] , the DTW algorithm is combined along with fuzzy logic to deal with the uncertainty of the data and make the comparison of the exercises performed by the patient with other reference exercises feasible. Moreover, there are also other tools that offer complete solutions when it comes to evaluating the execution of exercises and their classification, such as the one presented in [13] , which proposes a system that divides the exercise recognition process into three stages where the initial and final posture of the patient is considered, as well as the comparison of the angular trajectories of the extremities involved in the exercise through the application of the DTW algorithm.
In addition, there are other approaches that propose the use of automatic learning to identify exercises performed by the patient, using techniques based on statistical models like Hidden Markov Models (HMM [14] ), as proposed in [15] , which presents a variant of this technique, named Hidden Semi-Markov Model (HSMM), to classify rehabilitation exercises and provide the patient with an assessment of their performance. In [16] , a proposal is presented for automatic assessment of exercises with stroke patients, based on a first recognition stage through a Bayes classifier to reduce the number of candidates and then a second recognition using DTW or HMM; both were used with similar results. However, in [17] , HMM is used instead of DTW to classify up to 13 warm up exercises, by averaging different HMMs into a single model. In [18] , a technique based on Support Vector Machines (SVM [19] ) and the algorithm of the k-nearest neighbors (k-NN [20] ) is used to recognize the possible gestures performed by the user using a Leap Motion™ device. In this line, in [21] , prediction models based on decision trees are used to classify the joints of the human body using a Microsoft Kinect™ device from depth images captured by the sensor. Also, in [22] , a novel technique is proposed using a fuzzy kernel motion classifier to solve the problem of overlapping between different parts of the body. Alternatively, in [23] , a system was developed for the classification of exercises performed by patients with type 1 diabetes (T1D) according to their intensity, either aerobic or anaerobic. For this, the solution was based on the k-NN algorithm considering the heart rate, breath rate and peak acceleration during the movement of the patients.
The Table I shows a summary of the algorithms presented in the previous related works and what features did the authors implement using them. Therefore, the columns in the table would indicate whether the work included recognition of partially completed exercises and the type of information being classified, if any.
The alternatives discussed in this section offer a classification of exercises in different contexts. However, these classifications are undertaken once the exercises have been completed in full or attempts are made to classify them dividing the exercises into different stages. Thus, the proposal of this work intends to focus on offering an improvement to the remote rehabilitation of stroke survivors through the classification of exercises that have been partially performed, i.e., have not been completed.
III. REMOTE REHABILITATION

A. Exercise Comparison
The exercise analysis process is performed by comparing the exercise performed by the patient, with the same exercise saved as a reference and performed correctly by the therapist. Specifically, the positions of the joints involved in the movement over time are compared. These positions are represented by a 3-tuple associated with a given point in the three-dimensional space, so that (x, y, z) ∈ R 3 , which are obtained through a camera with a depth sensor. In the specific case of this work, a Microsoft Kinect™ device has been used to help in the stage of recognition of the human skeleton.
The set of positions over time can be represented by a path or curve, thus simplifying the problem to a comparison of time series. To do this, the DTW algorithm allows this time series comparison, providing results independent of the time difference between the two sequences.
The DTW algorithm provides numerical results after comparison of both exercises such that dist ∈ Q ≥0 . Internally, this value indicates the distance between the two curves, so the closer this value is to 0, the greater the similarity between the two exercises, which means that there would be no significant differences between the two curves. This value is calculated by the algorithm using as a metric the Euclidean distance between the curves generated by both exercises, for the positions along the X, Y and Z axes.
The value calculated as a result of applying the DTW algorithm is not restricted by an upper limit, so an added difficulty arises when interpreting these results. Therefore, it is necessary to perform a previous calibration step to define a set of intervals to help the interpretation of the results. This calibration is previously conducted by the therapist, executing some of the exercises of the patient's routine correctly and incorrectly (e.g. staying still), to obtain the minimum and maximum distances between curves. From these distances, three confidence intervals are calculated associated with the feedback messages provided to the user during the performance of the exercises. Thus, if the distances obtained by applying the DTW algorithm to the calibration exercise are d r , exercise performed correctly, and d w , exercise performed incorrectly, the confidence intervals would be calculated by obtaining a margin of error, e, that serves to relax the interpretation of the results obtained by the patient when performing the exercises. From this margin of error, the lower and upper limits of the intervals would then be calculated from the addition between the correct and incorrect distances divided by the number of intervals we want to define (which in the case of this work is 3), as shown in (1). Thus, the first interval would indicate a correct execution of the exercise, the second interval an acceptable execution and the third interval an incorrect execution. In this way, the feedback provided to the patients in those intervals is discretized, depending on how they performs the exercises.
On the other hand, the positions obtained from the joints must be normalized to avoid possible physical errors caused by a change of location of the patient or therapist with respect to the camera. For this purpose, these positions are recalculated with respect to one of the joints of the individual that does not affect the movement of the exercise, by default, the joint found at the base of the neck. This allows both calibration and reference exercises to be recorded remotely by the therapist for the patient to repeat, making it possible to compare the two performances.
B. Motivation and Engagement
Given the nature of a telemedicine tool where the patient can use it from home, it is essential to increase their motivation in order to prevent them from abandoning their exercises and periodically completing them. To this end, the tool incorporates different gamification mechanisms aimed at offering the patients a feeling of progression each time they perform their rehabilitation exercises. Fig. 1 shows a snapshot of the tool running as a web application with these available gamification mechanisms displayed in the main view.
Progression is shown in the tool through various visual indicators constantly available such as experience bars, levels, scores and achievements. In addition, after performing the exercises and analyzing the execution, the patients are given a star rating to help them understand how they performed the exercise, obtaining up to three stars if the exercise is performed correctly or one star if it is incorrect.
The experience bar is filled in from the scores obtained by the patients during their exercises. These points are accumulated until 100% of the experience bar is completed, which will reward the patient with a new level. The formula used to calculate the progression attends to the form x i = x base · t 1.5 , so that x is the total amount of experience required to reach the i level, x base is a minimum amount of experience, t is the next level to reach and 1.5 is a constant used to increase the difficulty necessary to reach the next levels exponentially. The variable x base is only used to go from level 1 to level 2, since in the following levels this variable will be established to the total score accumulated by the patient in a single session, in order to adjust the difficulty for the following levels. Fig. 1 . Snapshot of the remote rehabilitation tool after a user had performed some repetitions for two assigned exercises.
The scores are calculated according to how the exercises are performed, obtaining all the points of the exercise if the system recognizes that the execution falls into the first of the confidence intervals, and decreasing as the result moves away from that interval. In addition, the patients can improve the scores obtained by applying multipliers if they achieve continuous streaks of exercises performed correctly.
The levels are the main objective to be reached by the patient, since they allow to unblock different achievements that demonstrate a real progression in his rehabilitation. The relationship between the achievements that are unlocked when reaching each level is defined by the therapist according to the evolution expected by the patient.
IV. EXERCISE RECOGNITION
The telemedicine tool proposed in this work allows the comparison of the exercises performed by the patient with the same ones previously recorded by the therapist and used as reference (i.e. "gold standard") through the application of the DTW algorithm. To do this, the patient must select the exercise to be performed in the tool, interacting through voice commands or the user interface. This way of selecting the exercises to be performed adds certain difficulties to patients with reduced mobility who cannot interact with the system or who present severe cognitive problems that affect speech. The DTW algorithm makes it possible to compare complete time series, thus assuming that the exercise that the patient has to perform has been completed completely before being compared with the reference exercise. The variant of this algorithm, called open-end DTW (OE-DTW) and originally published by Tormene et al. [11] , makes it possible to compare incomplete time series, in addition to providing the percentage of coincidence between the two curves obtained so far. In the context of this work, the variant makes it possible to compare exercises whose execution has been started but which have not yet been fully completed. This makes it easier for the patients to perform the exercises without having to explicitly indicate which ones they wants to perform.
The tool integrates the implementation of the OE-DTW algorithm found in the statistical package available for R [10] [11] . During the use of the tool, the patient would start the movement of the exercise he/she wants to perform and the system would start to detect the exercise being performed. To do this, the system periodically compares the positions of the joints with those stored for the existing reference exercises. When an optimal candidate is found, that candidate exercise is marked as the definitive one and the patient is informed of the performance assessment for that exercise when completed.
For example, considering a sample setup where the patient has to perform repetitions for up to three different exercises (e.g. waving the right arm, lifting the right arm and moving the right arm forward), the implementation would have to find the best match while the patient perform the exercise over time. Therefore, when the user starts to perform a repetition for the exercise where he/she has to wave the right arm, an OE-DTW process is run to try to classify the movement from the (x, y, z) positions of each joint, detected until that time instant. After this, several comparisons are made in parallel against each of the reference exercises defined above. The minimum distance obtained after applying the algorithm with the three reference exercises will be the one that indicates the exercise that has been recognized.
In Fig. 2 are shown the distances obtained over time after applying the OE-DTW algorithm against the three reference exercises. It can be observed how, during the first seconds of execution of the movement (i.e. time instants from the second 0 to 2), similar values are obtained because the three exercises start the movement in a similar way. From the second 4, the values of the exercise "right arm forward" begin to distance themselves from the other two due to differences in execution. Finally, the exercise is correctly classified from second 9 onwards, with distance values lower than the other two exercises.
The algorithm is executed in parallel as many times as possible, obtaining a greater precision and speed in the classification as the hardware performance increases. The equipment where the tests were conducted, a MacBook Pro Mid-2015 (Intel Code i7 @ 2.8 GHz), has allowed an average number of executions of 1.33 times per second. It should be noted that the same computer also performs other tasks related to the rehabilitation tool, such as communicating with the capture device to get information from the skeleton, process that information and send it to the web application for viewing.
V. CONCLUSIONS
We have presented a solution for the automatic recognition of physical exercises within the context of a gamificationbased remote rehabilitation system used by stroke survivors and therapists. Thanks to the use of the open-end variant of the DTW algorithm, this system is able to automatically classify, in real-time, the exercises that define the rehabilitation routines performed by patients. Thus, there is no need for a patient to particularly specify what exercise he/she is going to do next, which increases the system flexibility and accessibility if patients with severe difficulties to interact with this kind of tools are considered.
The conducted experimental results show the feasibility of using the OE-DTW algorithm for classifying exercises. To this end, the implementation made in the rehabilitation tool has been introduced through an example where a user had to perform one of the exercises of the assigned routine, which contained a total of three different exercises. The results show how the exercise performed is successfully recognized after applying the algorithm in real time while the user performs the movement. Our current research work is now focused on how to personalize physical rehabilitation for patients affected by neurological diseases. We aim to establish a methodology for precision rehabilitation through a co-creation and participatory approach between clinicians and patients, adopting an approach that promotes cost-efficient personalized rehabilitation in order to treat patients more effectively, in the context of neurological diseases. Pattern recognition will play an essential role when establishing customized rehabilitation routines depending on each patient condition and their ability to adjust rehabilitation treatments.
